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chest imaging results in a large national clinical data warehouse of electronic health record
(EHR) data.
METHODS: We applied a trigger in a repository hosting EHR data from all Department of
Veterans Affairs health-care facilities and analyzed data from seven facilities. Using literature
reviews and expert input, we reﬁned previously developed trigger criteria designed to identify
patients potentially experiencing delays in diagnostic evaluation of chest imaging ﬂagged as
“suspicious for malignancy.” The trigger then excluded patients in whom further evaluation
was unnecessary (eg, those with terminal illnesses or with already completed biopsies). The
criteria were programmed into a computerized algorithm. Reviewers examined a random
sample of trigger-positive (ie, patients with trigger-identiﬁed delay) and trigger-negative (ie,
patients with an abnormal imaging result but no delay) records and conﬁrmed the presence
or absence of delay or need for additional tracking (eg, repeat imaging in 6 months). Analysis
included calculating the trigger’s diagnostic performance (ie, positive predictive value,
negative predictive value, sensitivity, speciﬁcity).
RESULTS: On application to 208,633 patients seen between January 1, 2012, and December 31,
2012, a total of 40,218 chest imaging tests were performed; 1,847 of the results were suspi-
cious for malignancy, and 655 (35%) were trigger-positive. Review of 400 randomly selected
trigger-positive patients found 158 (40%) with conﬁrmed delays and 84 (21%) requiring
additional tracking (positive predictive value, 61% [95% CI, 55.5-65.3]). Review of 100
trigger-negative patients identiﬁed 97 without delay (negative predictive value, 97%; [95% CI,
90.8-99.2]). Sensitivity and speciﬁcity were 99% (95% CI, 96.2-99.7) and 38% (95% CI,
32.1-44.3), respectively.
CONCLUSIONS: Application of triggers on “big” EHR data may aid in identifying patients
experiencing delays in diagnostic evaluation of chest imaging results suspicious for malig-
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Wider use of electronic health records (EHRs) has
created vast amounts of digitally stored data to track a
patient’s journey through the continuum of health care.
Although other industries have rapidly advanced
methods to analyze “big data,”1 mining of health-care
data has been slow,2 and few, if any, efforts have
translated this information into improving patient care.
Better use of large clinical data repositories could
provide useful information on missed opportunities in
patient care at the population level and create knowledge
to improve care beyond the traditional patient–provider
encounter.
Follow-up of abnormal imaging test results remains a
problem despite communication facilitated by the
EHR.3-11 For example, despite the presence of an
“inbox” in most EHRs where providers receive
electronic messages about abnormal test results, we
found that patients did not receive appropriate and
timely follow-up of abnormal imaging results, such as
lung nodules or masses identiﬁed by a radiologist,12,13 in
nearly 8% of abnormal imaging results.14 These “missed
ﬁndings” have been associated with increased
malpractice litigation and poorer patient outcomes.15-19
We also found that 38% of patients with a diagnosis of
lung cancer had missed opportunities in follow-up of
their imaging (chest radiograph or CT scan) test
results.13 Among other factors, information overload
from EHR data4,5,20 and lack of resilient communication
processes of important but not immediately life-
threatening results21-23 can contribute to these
preventable delays in follow-up of important
information. A recent Institute of Medicine report
(“Improving Diagnosis in Health Care”)24 suggests
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614 Original Researchhealth information technology, to identify and reduce
these delays.
Triggers offer one method to use EHR data to
prevent and mitigate the impact of delays in care
related to missed test results, and preliminary
research by our team and other investigators has
shown promise in achieving this goal.25-28 These
triggers consist of computerized algorithms that can
scan hundreds of thousands of patient records to
ﬂag those with clues suggestive of patient safety
events. The goal of running such triggers is to
identify delays in care and provide this information
to clinicians or other quality and safety personnel
to take action to mitigate patient harm or prevent
similar events in the future29-32 in a more efﬁcient
manner than what is feasible through nonselective
manual chart review alone.
Building on our pilot research, the goal of the present
study was to test the application of a trigger to big data
as a ﬁrst step in creating a large-scale surveillance system
to identify and enable action on delays in care. The
Department of Veterans Affairs (VA) has successfully
developed a large national database that contains clinical
data on inpatient, outpatient, mental health, rehab, and
long-term care services collected from all 144 VA
facilities serving > 6 million veterans.33 This database
provides an opportunity to develop and test the
performance (eg, sensitivity, speciﬁcity, positive
predictive value [PPV]) of the triggers to identify delays
in follow-up of abnormal lung imaging results in a large
dataset.Materials and Methods
Setting
We developed and tested triggers in the VA’s national database of EHR
data with a speciﬁc focus on patients seen at a large VA network of
seven hospitals and associated clinics in the Midwestern United
States. The VA primarily serves a male population (92%) aged $ 18
years. Both the Baylor College of Medicine institutional review board
and the VA Research Ofﬁce approved this study (H-30995).
Trigger Reﬁnement and Application
In previous research,26 we developed a basic trigger algorithm using
literature reviews, input from specialists and primary care providers,
and information about existing lung mass and nodule follow-up
processes.34-36 During interpretation of imaging results at all VA
facilities, radiologists electronically assign numerical codes for certain
high-risk ﬁndings. One such code is a “suspicious for malignancy”
code applied to imaging results when radiologists believe there is a
reasonable likelihood that a malignancy exists or the suspicion
deserves follow-up action. Our basic trigger identiﬁed these
numerical codes as “red ﬂags.” Of these, the trigger subsequently[ 1 5 0 # 3 CHES T S E P T EM B E R 2 0 1 6 ]
excluded patients in whom follow-up evaluation was unnecessary, such
as patients with terminal illnesses or for whom follow-up action had
already occurred. To develop the computer algorithm, we converted
each criterion into a set of International Classiﬁcation of Diseases,
Ninth Revision, codes; Current Procedural Terminology codes; and
numerical “suspicious for malignancy” codes. Because no standard
deﬁnition of a delay exists for timely follow-up of chest imaging,
30 days was chosen to complete follow-up action. This interval
would allow sufﬁcient time for clinicians to follow up without
signiﬁcant progression of disease. We then programmed these factors
into a structured query language search algorithm and applied the
trigger to the national EHR data warehouse.
Several additional changes were made to the trigger compared with our
previous research. First, we accounted for differences in use of structured
data ﬁelds across multiple facilities (eg, different sites referred to
“suspicious for malignancy” results using different numerical codes,
although, clinically, these were identical). Second, changes were made
to increase the sensitivity and speciﬁcity of triggers based on what we
learned from preliminary research, including lowering age to >18
years, standardizing the list of excluded terminal illnesses to
encompass all diseases with a 5-year survival rate < 50%, and adding
multidisciplinary tumor board discussions as expected follow-up.
Expert clinicians in primary care, pulmonology, and oncology then
reviewed and approved criteria before application.
Each criterion was initially evaluated individually by iteratively
performing 20 record reviews (10 records meeting the criteria and 10
that did not). We then made modiﬁcations to the program code to
extract data more accurately and reviewed additional records. Once we
validated all the criteria individually (Table 1), the full trigger
algorithm was applied to a 1-year set of data in the warehouse.
Figure 1 displays the technical steps to operationalizing the trigger.
Pilot reviews were conducted to test the record review instrument, and
two clinician reviewers were rigorously trained. We discussed cases
within the research team to develop consensus and to resolve areas of
disagreement and ambiguity, made reﬁnements to the instrument to
clarify when needed, and iteratively reviewed 10 additional records
after each modiﬁcation. Overall, 310 charts were reviewed during
efforts to adapt the trigger algorithm to function on the data
warehouse, including 260 reviews of individual criteria and 50 reviewsTABLE 1 ] Trigger Algorithm Logic
Red ﬂag criteria Chest radiograph or chest CT scan
malignancy”
Clinical exclusion criteria Any of the following on the date of
 Age < 18 y
Any of the following within 1 y prio
 Deceased
 Known lung cancer diagnosis
 Terminal illness diagnosis
 Hospice/palliative care enrollmen
 Active TB diagnosis
Expected follow-up
criteria
Any of the following within 30 d aft
 Repeat chest radiograph or ches
 PET or PET/CT scan
 Multidisciplinary tumor board con
 Pulmonary visit
 Cardiothoracic surgery visit




journal.publications.chestnet.orgto pilot test the complete algorithm and chart review form. Once
80% interrater reliability was reached between the two reviewers,
triggers were applied to a separate validation cohort to evaluate
performance.
Testing Trigger Performance
The ﬁnal trigger algorithm was applied to all patient records in which a
chest radiograph or CT scan was performed during the 1-year study
(“the validation cohort”). Clinician reviewers, blinded to the trigger
status, manually reviewed a randomly selected sample of 400 trigger-
positive and 100 trigger-negative records (ie, patients with abnormal
imaging results with no evidence of delays detected by the trigger)
and classiﬁed whether each record truly experienced a delay. At times,
we found inaction within 30 days because of patient factors, nodule
follow-up guidelines, or radiologists’ recommendations that
necessitated longer follow-up periods. In these situations, reviewers
identiﬁed whether there was a clinician-documented plan to follow up
on the imaging at a later date. If so, these records were considered as
a separate category that needed tracking. We then reviewed
documentation up to 30 days beyond the clinician-documented
follow-up date to conﬁrm if follow-up occurred or whether a different
course of action was documented. Each reviewer evaluated 240
trigger-positive and 60 trigger-negative records, such that there was a
10% overlap to enable calculation of interrater reliability.
Statistical Analysis
The study was powered to determine the number of records needed to
identify a two-sided 95% CI with a width of 10% at any PPV. Because
the largest sample size occurs at 0.5 when using a binomial
distribution, a target PPV of 50% was used for PPV calculations, and
the need to review at least 384 trigger-positive records was identiﬁed.
Thus, at any given PPV, (eg, 65%), we would be able to construct a
CI of 5% around the obtained point value (eg, 60%-70%) and be
95% conﬁdent that the true PPV would be contained in the interval.
An identical calculation was used to determine the negative
predictive value (NPV). However, a conservative point estimate of
95% was used for calculation of the NPV because the detection of
follow-up by the trigger during pilot reviews achieved nearly perfect
accuracy. This calculation yielded a sample size of at least 73 trigger-
negative charts, which was rounded to 100 to allow a margin of error.electronically ﬂagged by radiologist as “suspicious for
the test:
r to and 30 d after the abnormal imaging result:
t
er the abnormal imaging result:
t CT scan
ference
or to and 30 d after the abnormal imaging result:
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vFigure 1 – Technical steps to operationalize trigger.Analysis included calculating the trigger’s diagnostic performance
(ie, PPV, NPV, sensitivity, speciﬁcity). PPV was the percentage of
the 400 trigger-positive records with delays in diagnostic evaluation,
whereas NPV was the percentage of the 100 trigger-negative patients
reviewed who truly did not have delays in diagnostic evaluation.616 Original ResearchSPSS version 22 (IBM SPSS Statistics, IBM Corporation) was used to
analyze trigger performance, time to follow-up, and reasons for lack
of follow-up; results were reported by using descriptive statistics.
Breakdown of patients with and without follow-up across tracked
vs delayed cases was compared by using a Fisher exact test.Results
Trigger Performance
The trigger was applied to 208,633 patients seen at the
seven sites between January 1, 2012, and December 31,2012, and we identiﬁed 40,218 chest imaging tests
performed. A total of 1,847 results were ﬂagged by
radiologists with a numerical “suspicious for malignancy”
code; 655 (35%) were trigger-positive after clinical and
expected follow-up exclusions (Fig 2). Of these, 400[ 1 5 0 # 3 CHES T S E P T EM B E R 2 0 1 6 ]
208,633 Patients seen during study period
40,218 Chest imaging tests performed
1,847 Results coded by radiologists
as “suspicious for malignancy”
655 Trigger-positive records
400 Trigger-positive records







322 Records excluded by using
clinical exclusion criteria
870 Records excluded by using
expected follow-up criteria
Figure 2 – Trigger validation process ﬂow.records were randomly selected for manual review, and
242 (PPV, 61% [95% CI, 55.5-65.3]) records were
identiﬁed for which follow-up diagnostic evaluation was
not performed within 30 days. Of the randomly selected
100 trigger-negative records (suspicious imaging results
but follow-up detected or not needed), 97 were found
to truly not require follow-up (NPV, 97% [95% CI,
90.8-99.2]). Sensitivity and speciﬁcity of the trigger were
99% (95% CI, 96.2-99.7) and 38% (95% CI, 32.1-44.3]),
respectively. Of the 10% of records studied by both
reviewers, interrater reliability achieved a kappa of 0.74,
indicating good agreement.37TABLE 2 ] Reasons and Contributory Factors for Delays
Reason
No reason for delay identiﬁed
Follow-up was ordered, but patient was not scheduled to be see
Follow-up was ordered, but patient did not appear for appointm
not reschedule within 30 d
Patient sought care outside the institution, but this care was pe
30 d, and no documentation of this plan existed prior to 30




Of 242 high-risk records in which no follow-up was
detected, 158 (65%) had no documented plan in
response to the abnormal result. Table 2 lists the
provider, patient, and system factors contributing to
delays identiﬁed during chart reviews. In the remaining
84 (35%) records in which a documented plan for future
action was identiﬁed (ie, needed tracking), 22 patients
(26%) did not receive the expected follow-up at 30 days
after the clinician-documented date nor was a change in
follow-up plan documented. The remaining 62 patients
(73%) underwent the expected diagnostic evaluation
within the planned time frame. Within 2 years of the
abnormal imaging study, 93% (78 of 84) of trigger-
positive patients with a documented plan on record
review received follow-up action, whereas only 79% (125
of 158) of the patients without a documented plan
received follow-up action (P < .01). Median time to
action for those who received follow-up was 107 days
and was not dependent on whether a plan was
documented (P ¼ .63).
Among the 158 records that were falsely ﬂagged positive
by the trigger, the most common cause was that the
suspicious ﬁnding was not located within the lungs, such
as a mediastinal or chest wall mass (51%). Although
these ﬁndings require follow-up, expected actions for
nonlung malignancies are different and could not be
accounted for by our trigger, thus serving as a topic for
future research. Additional reasons for false-positive
ﬁndings are displayed in Table 3 and include the
inability of the trigger to detect certain evidence of
follow-up due to missing or incorrectly coded data in the
data warehouse (20%) or when patients received follow-
up outside the VA system (8%).
Reviewers identiﬁed three false-negative records. One
occurred when the trigger detected a completed tumor
board consultation, but this consultation involvedNo. %
89 56.3
n within 30 d 47 29.7




-up despite 1 0.6
158 100
617
TABLE 3 ] Reasons for False-Positive Results
Reason No. %
Suspicious ﬁnding not located in the lungs (eg, mediastinal or chest wall
mass)
80 50.6
Patient received appropriate follow-up at the VA facility within 30 d but follow-
up was not detected by the trigger due to incorrectly coded data
31 19.6
Patient received appropriate follow-up outside the VA facility within 30 d 13 8.2
Patient declined follow-up 11 7.0
Patient had a terminal illness or was in hospice, making follow-up
unnecessary, but this information was not recorded in a data ﬁeld
accessible to the trigger
7 4.4
Patient had a known history of lung cancer, but this information was not
recorded properly on the patient’s problem list
6 3.8
Mass previously evaluated and deﬁnitively concluded to be nonmalignant 5 3.2
Patient had another acute diagnosis that prevented evaluation within 30 d 3 1.9
Other 2 1.3
Total 158 100
VA ¼ Department of Veterans Affairs.discussion of resectable bladder cancer, whereas the
patient’s lung ﬁndings were not mentioned. Another
false-negative record resulted when a chest radiograph
was ordered to evaluate cough in a patient with nodules
seen on a previous chest CT scan; pneumonia was
identiﬁed and treated, but the clinician did not mention
the lung nodules or plan for their subsequent evaluation.
The third false-negative record resulted from a
procedure incorrectly coded as complete in the EHR. In
all three cases, patients received subsequent follow-up of
the suspicious ﬁnding within 2 years (median time,
111 days).Discussion
Application of electronic trigger algorithms to big EHR
data can aid clinicians in identifying patients
experiencing delays in diagnostic evaluation of abnormal
lung imaging results. Our trigger achieved a diagnostic
accuracy suitable for future practical use, with a
sensitivity of 99%, a speciﬁcity of 38%, an NPV of 97%,
and a PPV of 61%. These ﬁndings suggest that triggers
are able to identify almost all delays related to abnormal
lung imaging follow-up (high sensitivity and NPV) and
cost-effectively minimize the amount of effort providers
spend reviewing false-positive results (PPV > 50%).
Although 30 days was chosen as an appropriate cutoff
for the facilities in this study, other institutions
considering such triggers could increase or decrease this
time frame based on clinical resources available and thus
increase or decrease PPV, respectively. These triggers
have demonstrated the potential for successful use in618 Original Researchlarge datasets across multiple sites. Such large-scale
application could leverage economies of scale by
allowing multiple sites to use a centralized team to
monitor and act on potential delays. The new Institute
of Medicine report (“Improving Diagnosis in Health
Care”) also recommends methods to identify and reduce
delays in care from lack of timely follow-up of abnormal
diagnostic test results.24
In the majority of conﬁrmed delays identiﬁed, we were
unable to determine reasons for the delay during chart
reviews, suggesting that providers likely just missed EHR
notiﬁcations. However, despite documented plans for
follow-up action in 84 instances, we found that 26% did
not adhere to their plan. This result conﬁrms the
ﬁndings from multiple international studies that
breakdowns in test result communication and follow-up
remain a problem for health-care systems and carry the
potential for poor patient outcomes and malpractice
litigation.9,19,22,23,38-40 Existing health-care systems and
EHRs do not provide sufﬁcient tools and workﬂows to
enable tracking of the plans that providers put into
place, such as completion of test orders, referrals, and
follow-up visits. Our research suggests that use of big
EHR data can identify at-risk patients, allowing
mitigation of delays. Future efforts are needed to develop
tracking tools and to iteratively reﬁne workﬂows to
support the transformation of health care from a series
of visit-based episodes of care to a comprehensive visit-
agnostic health care system.41,42 Subsequent use of such
triggers and their performance may beneﬁt from the
American College of Radiology’s effort to standardize[ 1 5 0 # 3 CHES T S E P T EM B E R 2 0 1 6 ]
lung imaging reporting via the Lung Imaging Reporting
and Data System program.43
Despite the performance achieved by use of the trigger,
several limitations of our study merit discussion. First,
although the study was conducted at several health-care
institutions, these sites belonged to a single national
health care system that used the same EHR. Thus, the
ﬁndings are not necessarily generalizable to commercial
EHRs and non-VA institutions. However, our previous
research suggests trigger portability given use of
standardized codes (eg, those from Current Procedural
Terminology and International Classiﬁcation of
Diseases), which could be particularly effective in the
large data repositories of other health systems, both
within and outside the United States,25,44,45 or with
health information exchanges46 that are becoming more
common. Furthermore, if American College of
Radiology recommendations for standardizing lung
imaging reports are adopted, triggers could become
more widely used. Second, retrospective chart reviews
relied on text within the EHR, which may not alwaysjournal.publications.chestnet.orgdescribe actual care delivered or the rationale for not
taking action. However, we previously found a high
correlation between documentation and action.47 Third,
the study was not designed to evaluate the clinical or
economic impact of prospective trigger use on
morbidity, mortality, and stage at diagnosis.
Nevertheless, our recent clinical trial revealed that
prospective triggers can reduce delays in follow-up at
minimal personnel costs when information about
trigger-ﬂagged records is provided to patients’ care
teams,48 and we plan to evaluate these outcomes in
future studies.
Conclusions
An algorithm designed to identify patients at risk for
delays in follow-up of abnormal imaging from a large
national dataset performed with reasonable accuracy for
use in the clinical setting. Future research to develop and
reﬁne similar algorithms more widely can potentially
reduce delays in diagnostic evaluation and improve
quality and safety of patient care.Acknowledgments
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